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Late Post Perturbation On Figure 1 . Conceptual overview and experimental design. A. We conceptualize adaptation as a parametric change to an existing control policy (changing θ to θ ) and de novo learning as building a new control policy (g) to replace the baseline control policy (f ). B. Participants performed planar movements with their right hand while targets were presented to them on a mirror-reversed display. In these tasks, there is a visual target (yellow) that participants are asked to track with their cursor (blue). C. Participants learned to control the cursor under one of two visuomotor perturbations: a 90 • visuomotor rotation, or a mirror reversal. D. Participants were trained on their respective perturbation in both a point-to-point reaching task (1 block = 150 reaches) and a sum-of-sinusoids tracking task (1 block = ∼6 mins), the latter of which allowed us to assess their feedback control capabilities. We first measured baseline performance on both tasks under veridical feedback (blue), followed by interleaved tracking and point-to-point blocks with perturbed feedback from early learning (orange) to late learning (yellow). We removed the perturbations post-learning to assess aftereffects (purple).
aftereffects [20, 21] that are characteristic of adaptation [13, 22, 23] , suggesting that learning occurs through 41 a qualitatively distinct mechanism. Furthermore, work in patient populations has suggested a dissociable To compensate for mirror reversal, are participants capable of learning a new feedback control policy de 53 novo, or do they primarily rely on a feedforward re-aiming strategy? 54 Here, we used a manual tracking task to more comprehensively assess whether participants could learn to 55 continuously control a cursor under either a visuomotor rotation (engaging adaptation) or a mirror reversal 56 (requiring de novo learning). Participants were primarily exposed to the perturbation during point-to-point 57 movements but, in periodic assessment blocks, were asked to track a target moving in a pseudorandom sum-of- 
Results
67
Trajectory-based analyses 68 We recruited twenty participants for this study. Participants used their right hand to manipulate an on-
69
screen cursor under either a 90
• visuomotor rotation (n = 10) or a mirror reversal (n = 10) about an oblique 70
45
• axis ( Figure 1 ). These perturbations were designed such that, in both cases, motion of the hand in 71 the x direction was mapped to cursor motion in the y direction and vice versa. Each group first practiced 72 moving under their respective perturbation in a point-to-point task, reaching towards targets that appeared 73 at random locations on the screen ( Figure 1D ), and we quantified their performance using initial reach- To test the extent to which participants could learn a new feedback policy under these two perturba- . Trajectory-alignment analysis of tracking task. A. Transformation matrices relating target and hand movement. The top row illustrates the ideal transformation matrices at baseline or to successfully compensate for each perturbation. The rotation (middle row) and mirror-reversal (bottom row) groups' transformation matrices evolved during learning (averaged across participants). Each matrix can also be visualized in terms of how it transforms the unit x and y vectors (equivalent to the columns of the matrix), plotted below each matrix (x = green, y = purple).Unit x and y vectors are shown for scale. Shaded areas are 95% confidence ellipses across participants. B. The average of the two off-diagonal elements of the estimated transformation matrices across all blocks of the experiment (baseline through post to a more more fine-grained analysis of participants' behavior using frequency-domain system identification,
141
owing to the construction of the target trajectory as a sum of sinusoids at different frequencies.
142
In order to apply system identification tools to analyze behavior, we first sought to validate whether
143
behavior was approximately linear. We did so by examining the amplitude spectra of participants' hand 144 movement after transforming the time-domain data to the frequency domain using a discrete Fourier trans- A. Amplitude spectra of x-hand (blue line) trajectories during different blocks of learning. In each plot, the amplitude and frequency of x-and y-target motion is depicted as the upper row of black and white dots, respectively. The peaks of the hand spectra at either the x-or y-target frequencies are connected by black lines for ease of visualization. B. Spectral coherence between x-target movement and both x-and y-hand movement (i.e., single-input multi-output coherence). This coherence is proportional to the linear component of the hand's response to the target. Corresponding plots for y-target movements' coherence with hand movement can be found in Figure S1B . Error bars are SEM across participants.
target movement would imply that the hand should move at the same frequencies as the target along each 147 axis. Lastly, target trajectories were carefully constructed to allow potential nonlinearities (which would 148 manifest as extraneous peaks in the output spectra) to be clearly discernible (see Methods for details).
149
The amplitude spectra show clearly that, at baseline, both groups of participants moved almost exclusively 
). This is consistent with a linear relationship between target motion and hand motion. These data suggest 158 that participants faithfully tracked the target throughout the experiment and provided validation for using 159 linear, frequency-domain analysis to examine behavior.
160
The introduction of the perturbation led to a broadband increase in amplitude across all frequencies 161 for both groups ( Figure 4A , "Early"), indicating some nonlinear behavior as one might expect, particularly 162 early on in learning. However, the peaks at the target frequencies were still clearly identifiable, enabling 163 the use of linear systems analysis to approximate the relationship between target motion and hand motion.
164
These nonlinearities abated with practice ( Figure 4A , "Late") and remained modest after the perturbation 165 was removed ( Figure 4A , "Post"), again facilitating linear analysis.
166
To perfectly compensate for either the rotation or the mirror reversal, movement at x-target frequencies 167 needed to be remapped from x-hand movements to y-hand movements, and vice versa at y-target frequencies.
168
During early learning, participants in the rotation group did produce x-hand movements in response to y-169 target frequencies, but also inappropriately continued to produce x-hand movements at x-target frequencies
170
( Figure 4A ). By late learning, the amplitude of x-hand movement further increased at y-target frequencies
171
and decreased at x-target frequencies. Behavior for the mirror-reversal group followed a similar pattern,
172
albeit with less pronounced peaks in the amplitude spectrum during early learning. Importantly, the extent 173 of remapping responses at different frequencies was not uniform across the frequency spectrum, but appeared 174 frequency-dependent.
175
After the perturbation was removed (Post-learning), the rotation group exhibited x-hand movements
176
at both x-and y-target frequencies, unlike baseline where movements were largely restricted to x-target 177 frequencies ( Figure 4A ). This indicated that learning to compensate for a rotation led to aftereffects, corrob-178 orating our earlier analysis. In contrast, the mirror-reversal group's x-hand movements were indistinguishable 179 baseline, confirming that any aftereffects were negligible. These features of the amplitude spectra, and the 180 differences across groups, were qualitatively the same for y-hand movements ( Figure S1 ).
181
Amplitude spectra illustrate important features of learning, but do not carry information about the 182 directionality of the response and thus do not distinguish learning of the two different perturbations; perfect 183 compensation would lead to identical amplitude spectra for each perturbation. In order to distinguish these 184 responses, we needed to determine not just the amplitude, but the direction of response along each axis, 185
i.e. whether it was positive or negative. We used phase information to disambiguate the sign of the gain 186 by assuming that the phase of the response at each frequency would remain similar to baseline throughout 187 learning.
188
In order to understand the potential frequency-dependence of participants' compensation for the pertur- We visualized these estimated frequency-dependent transformation matrices through their effect on the 197 unit x and y vectors (the columns of the gain matrices; Figure 5A ). At baseline, participants in both In the present study, we tested whether participants could learn to achieve continuous control over a cursor with both groups exhibiting a steady increase in compensation over time, particularly at lower frequencies.
264
Additionally, both groups' compensation exhibited a similar gradation as a function of frequency, decreasing 265 as frequency increased.
266
We believe these results show that distinct learning processes drove two separate components of learning.
267
One component, present only in the rotation group, was expressed uniformly at all frequencies and likely around 25
• [6, 14-16], matching the extent of compensation we observed at high frequencies.
272
A second component of learning-which was present in both groups of participants-contributed to 273 compensation primarily at low frequencies, exhibited a gradation as a function of frequency, and was not as-that mirror-reversal learning is purely de novo, the mirror-reversal group's behavior in Figure 5B demon controller.
318
It is important to note that we use the term "de novo learning" to refer to any mechanism, aside from 319 implicit adaptation, that leads to the creation of a new control policy. We suggest that de novo learning 320 is initially solved explicitly before becoming cached or automatized into a more procedural form. There
321
are, however, a number of alternative mechanisms that could be engaged to establish a new control policy.
322
One proposal is that de novo learning occurs by simultaneously updating forward and inverse models by 
329
One additional interesting finding is that when participants exhibited phase lags relative to the target of 330 180
• , they still tracked the target with non-zero gain ( Figure S3 ). All participants exhibited this behavior, 331 even at baseline. When the hand is phase lagged by 90
• -270
• at a particular frequency, the optimal gain 332 to minimize the distance between the hand and target at that frequency is zero [33] . This peculiarity of 333 human manual tracking behavior has been demonstrated before [59] , suggesting that this was not a spurious 334 finding. A potential explanation for this result is that participants may be relying on some strategy that 335 is incompatible with this particular notion of optimality (e.g. reproducing the target trajectory instead of 336 minimizing distance from the target). Alternatively, it could be that participants were unable to assess 337 the error associated with these out-of-phase movements at high frequencies because the stimulus is masked 338 within an inherently unpredictable stimulus; other studies have indicated that when only a ("predictable") 339 single-sine component is presented, the nervous system makes a rational judgement to reduce the amplitude 340 of tracking movements when there are large phase lags [33, 59] , likely because the predictable stimulus makes 341 it easier for the nervous system to ascertain the cost of making extraneous movements.
Ultimately, our goal is to understand real-world skill learning. We believe that studying learning in rotations, mirror-reversals, or any linear mapping from effectors to a cursor.
377
The primary goal of our frequency-based analysis was to establish how participants mapped target motion 378 into hand motion at different stages of learning. However, frequency-based system identification yields even 379 more information than this; in principle, it provides complete knowledge of a linear control system in the 380 sense that knowing how the system responds to sinusoidal input at different frequencies enables one to predict 381 how the system will respond to arbitrary inputs. The full frequency-domain data, including both phase and 382 gain information across all frequencies, can be used to formally compare different possible control system 383 architectures [59] supporting learning. We intend to pursue this approach in future work to obtain a more 384 algorithmic understanding of how the sensorimotor control system changes during different forms of learning.
385
Methods
386
Participants. 20 right-handed, healthy participants over 18 years of age were recruited for this study
387
(23.55 ± 4.95 years old; 10 male, 10 female). All participants had no history of neurological disorders. All axis. The participants were divided evenly into two groups, one that experienced the visuomotor rotation
396
(n = 10) and one that experienced the mirror reversal (n = 10). Both groups were exposed to the perturbed 397 cursors while performing two different tasks: 1) the point-to-point task, and 2) the tracking task. to avoid "frequency leakage" by designing discrete Fourier transform windows that were integer multiples of 431 the base period, improving our ability to detect such nonlinearities.
432
For the entire 46-second target trajectory, participants were explicitly instructed to try to keep their 433 cursor inside the target for as long as possible during the trial. These specific instructions were provided to 434 encourage participants to track the target, as opposed to replicating the target's trajectory. We also changed 435 the target's color to yellow anytime the cursor was inside the target to provide feedback for their success.
Rotation angles for the rotation group's transformation matrices were found by identifying the angle which 473 generated pure rotation matrices that best fit the transformation matrices according to an L 2 norm. Finally,
474
for the mirror-reversal group, the scaling orthogonal to the mirror axis was found by computing how the seconds of the trajectory that followed the 5-second ramp period so that our analysis period was equivalent
480
to an integer multiple of the base period (20 s). This ensured that we would obtain clean estimates of the 481 sinusoids at each target frequency. Amplitude spectra were generated by taking double the modulus of the
482
Fourier-transformed hand trajectories at positive frequencies.
483
Spectral coherence was calculated between the target and hand trajectories. To do so, we evaluated the 484 multiple (i.e., multi-input multi-output) coherence at every frequency of target motion, determining how 485 target motion in one axis elicited hand movement in both axes. We chose to compute the multiple coherence 486 as this best captured the linearity of participants' behavior; using hand movement in only one axis for 487 the analysis would only partially capture participants' responses to target movement at a given frequency.
we assumed that a matrix, A, could capture how the sensorimotor system transformed target movement into numbers which relate the sinusoids in terms of gain and phase [33, 59] . Target movement at a given frequency, 501 which only moves in one axis, can elicit movement in both axes. Therefore, for each x-target frequency,
502
we computed a phasor for x-hand responses and a phasor for y-hand responses. We performed similar 503 calculations for each y-target frequency. For a given block of learning, the two phasors for each frequency 504 of movement were paired together to form fourteen phasor pairs. Pairs describing behavior from the same 505 frequency were grouped together across all six blocks of learning.
506
Gain and phase data are inherently redundant-a positive gain with a phase of π is indistinguishable 507 from a negative gain with a phase of 0. Conventionally, this redundancy is resolved by assuming that gain is 508 positive. In our task, however, the sign of the gain was crucial to disambiguate the directionality of the hand 509 responses (e.g. whether the hand moved left or right in response to upward target motion). We used phase 510 information to disambiguate positive from negative gains, assuming that the phase of the hand response at 511 a given frequency would be similar throughout the experiment. To do so, we introduced template phasors,
512
with a fixed gain of 1, to capture the assumed invariant phase of the response at a given frequency. We 513 estimated these template phasors based on behavior in the baseline block and assumed that this phase would 514 be preserved across different axes of movement and across subsequent blocks. Therefore, we only needed to 
Here, ψ indicates an individual phasor. We therefore a set of template phasors (template 1 for the lowest 517 frequency, template 2 for the second lowest frequency, etc.), and a set of gains a, which were assumed to 518 vary from block to block. By pairing neighboring x-and y-frequencies, we obtained a set of seven A matrices 519 describing the signed gain relating target movement to hand movement across frequencies ranging from low 520 to high. Visualizations of these gain matrices, cross-axis gain, rotation angle, and gain orthogonal to the 521 mirroring axis were calculated in the same way as in the transformation matrix analysis.
522
Statistics
523
The statistical tests for the transformation and gain matrix analyses were performed using linear mixed-524 effects models. The parameters of our models were the perturbation type (rotation or mirror reversal), block 525 of learning, and element of the matrices. In both analyses, we hypothesized that there would be interactions 526 between all three parameters. We followed the initial statistical modeling by performing post-hoc tests where 
